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INTRODUCTION 15
The past decade has seen significant advances in the theoretical understanding, 16 construction, analysis and application of complex species interactions networks (see 17 Fontaine et al. 2011; Kefi et al. 2012 
for reviews). Ecological networks describe the 18
interactions between species, the underlying structure of communities and the function and 19 stability of ecosystems (Montoya et al. 2006) . They have the potential to quantify the effects 20 of human activities on a wide range of complex ecological interactions (Memmott et al. 2007 ; 21 Tylianakis et al. 2008) . Of the numerous ecological network properties, network 'robustness' 22 (a measure of the tolerance of the network to species extinctions (Dunne et al. 2002; 23 Memmott et al. 2004) ) has received particular attention, partly driven by advances in 24 computational modelling (Kaiser-Bunbury et al. 2010; Staniczenko et al. 2010) , but mostly by 25 the desire to understand the real threat of biodiversity loss to ecosystem services and 26 functioning (Pocock et al. 2012) . Our understanding of network robustness to species loss 27 has thus advanced from studies of simple qualitative, bipartite mutualistic networks 28 (Memmott et al. 2004) , to investigations of patterns across ecosystems (Srinivasan et al. 29 2007) and to current quantitative approaches that take into account species abundance 30 (Kaiser- Bunbury et al. 2010) . 31 32 Despite these advances, few studies have considered the robustness of complex ecological 33 networks to habitat loss. Habitat destruction is the primary cause of biodiversity loss (Pimm 34 & Raven 2000) and arguably a more common ecological scenario than species extinction 35 cascades. The impacts of habitat management (effectively habitat addition, loss and 36 change) are likely to have large cascading effects within ecological networks, as they will 37 simultaneously affect multiple species across trophic levels (see Tylianakis et al. 2008 for 38 review of global change impacts). Moreover, there has been a paradigm shift in conservation 39 policy away from targeting single vulnerable species to managing entire communities, 40 especially if they provide benefits to humans (Millennium Ecosystem Assessment 2005) . 41
Practically, conservation effort is habitat-focussed whether restoring local degraded water-42 bodies, or implementing continent-wide agri-environment schemes (Tscharntke et al. 2005) . 43
While the theoretical consequences of habitat loss (typically a reduction in area of a given 44 habitat) has been considered in ecological network analysis (Melian & Bascompte 2002; 45 Fortuna & Bascompte 2006) , the impact of the loss of particular components of habitat 46 heterogeneity has not. For example: what would be the network-level effects of the loss of 47 creeks due to water abstraction in desert systems, or of a farmer removing hedgerows to 48 maximise production? In this study, we test the robustness of multiple species-interaction 49 networks to simulated habitat loss. Our focus is on species-interaction networks within an 50 agro-ecosystem. We chose this environment because: low-intensity farmland is often 51 comprised of multiple, distinct habitats occurring in a landscape-level mosaic; sampling 52 multiple farmland species interactions is tractable in the field ( Van Veen et al. 2008; 53 Macfadyen et al. 2009; Evans et al. 2011) ; European farms tend to have high habitat 54 heterogeneity (Benton et al. 2003) and the intensity of management between the habitats 55 can differ markedly (i.e. unmanaged woodland to intensively managed annual crops); 56 farmland animals and plants encompass animals regarded as bioindicators, e.g. birds and 57
butterflies (McGeoch 1998; Anon. 2010) , and as ecosystem service providers, e.g. 58 pollinators and parasitoids (Losey & Vaughan 2006; Sandhu et al. 2008) ; and meeting the 59 world's future food security needs, whilst maintaining and enhancing biodiversity, is of major 60 policy relevance (Sutherland et al. 2009) . 61
62
Our objectives are fourfold: 1) To test the robustness of a farm-scale network of ecological 63 networks to random habitat loss, i.e. the loss of suites of habitat-specific species 64 interactions. We predict that groups within the network will be vulnerable to habitat loss if 65 there are a high number of habitat-specific interactions; 2) To quantify the importance of 66 each habitat within the network. Previously we determined the importance of each plant 67 species in the network (Pocock et al. 2012) . Here, we apply an analogous approach for each 68 habitat; 3) To examine how similar habitats are in terms of shared species and whether this 69 and/or biodiversity "spill-over" (Brudvig et al. 2009 ) between habitats affects robustness. If 70 the similarity of plants and associated animals between habitats is high, then we predict that 71 the robustness of the animal groups to habitat loss will be high due to a low number of 72 habitat-specific interactions; 4) To determine the best and worst-case permutations for the 73 order in which habitat type is lost using a genetic algorithm and to compare these three with 74 habitat loss scenarios based on habitat management intensity (a reasonable, albeit 75 subjective, approach) as well as measures of plant similarity and habitat importance. These 76 four objectives collectively will enable us to identify the most important habitats for 77 conservation management and potential restoration at our field site. 78
MATERIALS AND METHODS 79

STUDY SITE 80
Our field site was a 125 ha farm in SW England (Norwood Farm, Somerset, UK, 51°18.3'N, 81
2°19.5'W). Norwood Farm is an organic, mixed lowland farm (artificial chemical fertilisers 82
and pesticides are prohibited) comprising 23 fields of arable (mainly cereal) and grass 83 (short-term leys in arable rotation and permanent pasture) (Fig. S1 , see Evans et al. 2011 for 84 full site description). Our choice of a single (but typical) study site enabled detailed, within-85 farm replication across multiple habitats and provided the highly resolved ecological network 86 data necessary for our objectives. We identified and mapped six cultivated (hereafter termed 87 'farmed') and six non-cultivated (hereafter termed 'non-farmed') habitat types on the farm 88 using a geographic information system (ArcGIS 9.1, ESRI, California) as follows: 89
90
Farmed habitats: 1) Fallow (arable fields that remained uncultivated for a whole year); 2) Ley 91 (rye grass Lolium spp. and red clover Trifolium pratense mix) that were sown and grown for 92 2 to 5 years as part of the organic crop rotation); 3) New ley (i.e. clover-rye grass ley which 93 had been newly sown the previous year); 4) Permanent pasture; 5) Lucerne (grown as a 94 crop for silage); and 6) Crops (consisting of spring-sown barley and oats, and winter-sown 95 oats, triticale and wheat). Non-farmed habitats: 1) Grass margin (i.e. grass strips around cultivated fields, typically 5-98 10m wide and included within UK agri-environment schemes); 2) Mature hedgerow (average 99 height and width 4.1 m and 3.6 m respectively); 3) New hedgerow (i.e. newly planted 100 hedgerow dominated by young trees <1.5 m high and grass); 4) Rough Ground (i.e. 101 uncultivated areas around farm buildings, machinery storage areas); 5) Standing trees 102 (mature isolated trees in fields); and 6) Woodland. 103
104
FIELD SURVEYS 105
We constructed a highly-resolved network of ecological networks (i.e. species-interaction 106 networks sharing the same plants). This comprised of plants and 11 groups of animals: 107 those feeding on plants (butterflies and other flower-visitors, aphids, seed-feeding insects, 108
and granivorous birds and mammals) and their dependants (primary and secondary aphid 109 parasitoids, leaf-miner parasitoids, parasitoids of seed-feeding insects and rodent 110 ectoparasites). Our intention was to encompass a wide taxonomic and functional range that 111 included animals regarded as bioindicators and as ecosystem service providers. The 112 networks thus included trophic, mutualistic and parasitic interactions. 113
We undertook replicated monthly sampling in all habitats (across the entire farm) over two 114 years during 2007 and 2008. The methodological description for vegetation and each animal 115 group is described in the Supporting Information. Unless otherwise stated, we sampled 3-4 116 randomly located transects per habitat per month (see Table S1 for totals). Species 117 abundance estimates from transects were scaled up to provide a total per habitat, summed 118 across habitats (to give farm-scale monthly totals), summed across months and averaged 119 across the two years to construct the final farm-scale network. 120
121
We visualised the networks individually and collectively using Pajek 2.00 (de Nooy et al. 122 2002) . 123 We modelled the robustness of each of the animal groups within the network to the 126 sequential removal of habitats. We randomly removed habitats from the networks and plants 127 became extinct when all habitats within which they occurred were deleted. Animal taxa 128 became disconnected (a "secondary extinction") when all their food species became extinct. 129
If an animal had been observed feeding on a plant in one habitat, then we assumed it could 130 have fed upon it in other habitats, even if the specific animal-plant interaction was not 131 observed in that habitat. In simulating the loss of plants within habitats, we assumed a 132 bottom-up rather than top-down regulation of the animals, as justified by Scherber et al. 133 (2010) . 134
We considered two complementary models of robustness: (i) where all taxa are weighted 135 equally (R S ) (Memmott et al. 2004) average area under the curve of the species/abundance remaining against primary (habitat) 138 extinctions across 10,000 simulations (Burgos et al. 2007) . Given this approach, our models 139 can be interpreted either as representing the cascading negative effects of habitat loss or the 140 positive cascading effects of habitat restoration. R S is analogous to assessing effects on 141 species richness, while R Q is more analogous to assessing effects on species diversity; the 142 quantitative information potentially making it more robust to sampling biases (Banasek-143 Richter et al. 2004) . All analyses were carried out using R 2.15.2 (R Development Core 144
Team, 2012). 145 OBJECTIVE 2. Determining the relative importance of each habitat within the network 146
We quantified the importance of each habitat to the robustness of each of the 11 animal 147 groups. This was assessed for each habitat j from the regression (r ij ) of robustness of each 148 animal group i (R S , R Q ) with the order of the habitat in the 10,000 extinction sequences. calculated the absolute importance of each habitat for each animal group by regressing the 150 robustness from the 10,000 iterations against the order of habitat j in the removal sequence: 151 R = C + (β j x order of habitat j in removal sequence), where we interpret β j as the importance 152 of the habitat j (Fig. 1D) . Therefore, if habitats have a stronger effect when lost early, the 153 slope of the regression will be steeper, in other words, β j will be larger. Our rationale is that 154 the 'importance' of a habitat cannot be directly assessed from the number of secondary 155 extinctions caused by its loss (because if lost at the start of the sequence few secondary 156 extinctions will result), but if a habitat is important to the overall integrity of the network, then 157 overall robustness will tend to be lower if it was lost early in the sequence than if it was lost 158 later. To determine the importance of the habitat across all the animal groups, we averaged 159 the importance values (β j ). Thus we consider the importance of habitats relative to each 160 other (rather than ascribing an absolute value of 'importance'). We did this separately for R S 161
and R Q and plotted habitat importance against total habitat area (we used the maximum 162 values from Fig. S2 ). We used these data to rank habitats according to their importance as a 163 new habitat loss scenario for robustness analysis under Objective 4. 164
OBJECTIVE 3: Examining species similarity and plant spill-over effects between 165 habitats 166
If the similarity of plants and animals between habitats is low, then our expectation is that the 167 robustness of the animal groups to habitat loss will be low because there are many habitat-168 specific interactions. Conversely, if there is high similarity, our expectation is that robustness 169 will be high. We estimated similarity across habitats using Chao's Sørensen similarity index 170 for replicated incidence based data (Chao et al. 2005) 
using EstimateS 8.0 (Colwell 2006) 171
(see Supporting Information). We also consider the binary case, assessing similarity with 172
Classic Sørensen indices and present this in Table S2 . This data was subsequently used to 173 rank habitats according to their similarity as a new habitat loss scenario for robustness 174 analysis under Objective 4. We then examined the extent to which plant "spill-over" (Brudvig 175 et al. 2009 ) between habitats affected robustness (R S , R Q ). Our rationale is that because the 176 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 habitats are spatially close, species that are specialists in one habitat could, by chance, be 177 found at low densities in neighbouring habitats. This would give our networks the 178 appearance of higher robustness than was truly the case. In order to test the sensitivity of 179 our analyses to this effect, we removed these putative spill-over plants from the network. We 180 calculated total plant density for each species in the 12 habitats by dividing the leaf area 181 index (LAI) per plant species by habitat area (Fig. S2) . Specifically, LAI per plant species 182 was calculated monthly over two growing seasons (Pocock et al. 2010 ) and we used the 183 overall maximum LAI for each plant species, and habitat area was calculated separately for 184 the two years (which varied slightly due to crop rotations) and we used the maximum annual 185 area of each habitat. We removed plants from the habitats in which their density was <5% of 186 the maximum density for that plant in any habitat (this was an arbitrary threshold, but 187 removed a significant number of plant-habitat associations, see below). We excluded these 188 plants (and their interactions) from the network, repeated the robustness and habitat 189 importance analyses as above and compared results from the two networks. 190
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OBJECTIVE 4: Determining the best-and worst-case habitat loss scenarios 191
We undertook the random simulations (Objective 1) in order to determine the distribution of 192 robustness. However, because there are 12 factorial (over 479 million) randomly ordered 193 ways of making habitats in our network extinct (hereafter called permutations), the chance of 194 discovering the best and worst habitat extinction permutations for robustness was very low. 195
We therefore used a genetic algorithm (GA) to search across the possible permutations in 196 order to determine the best-and worst-case permutations and recorded both the resulting 197 value of the network's robustness and the order of the habitats in these permutations. 198 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 algorithm 100 times with randomly-selected starting values in order to be as confident as 204 possible that we identified the global optimum. The value that we were seeking to optimise 205 (i.e. find the minimum or maximum values, depending on whether it was best-or worst-case) 206 was the overall robustness, i.e. the average robustness across the different animal groups 207 (so, in our case, we treated each animal group as equally important, though this can of 208 course be altered; see Pocock, Evans & Memmott, 2010) . Having generated information 209 about the distribution of robustness values for our network (i.e. the limits from the GA, and 210 the distribution within these limits from the random permutations), we tested the following a 211 priori scenarios (which from 1 to 3 require increasing amounts of information about farm 212 habitats to create the permutation), in determining 'good' and 'bad' habitat loss scenarios: 1) 213 habitat management -we sequentially removed habitats based on the least-to-most and 214 most-to-least managed/disturbed, which equates to preferentially losing the most natural (i.e. 215 least economically productive) habitats first. We considered this to be a potential (albeit 216 subjective) scenario for agricultural intensification and removed habitats in the following 217 order: Woodland, Standing trees, Mature hedgerow, New hedgerow, Grass margin, Rough 218 ground, Ley pasture, New ley, Permanent pasture, Spring fallow, Lucerne, Crops; 2) habitat 219 importance -we used the habitat importance values derived from the simulations described 220 in Objective 2. Our expectation was that ranking habitats from the highest-to-lowest 221 importance would lead to low robustness, and vice versa; 3) habitat similarity -we 222 determined habitat loss scenarios using habitat similarity data from Objective 3. Here, we 223 ranked the habitats according to their similarity based on plant composition. We treated the 224 plant pairwise similarity indices as distances (distance = 1/similarity) and calculated the 225 closeness centrality of each habitat (Freeman 1979) , interpreting the least central habitat to 226 be most distinctive in its plant composition. Our expectation was that the most-to-least 227 distinctive habitat loss scenario would result in high robustness, and vice versa. In all cases 228 we considered R S and R Q separately. In these three cases, we compared the order of 229 habitats in each a priori scenario to the order of habitats in the best and worst cases derived 230 from the GA using Spearman's rank correlation, taking the median habitat position in cases 231 where there were multiple solutions from the GA. 232
233
RESULTS
234
The overall farm network comprised 1502 unique interactions ( Fig. 2A) between a total of 235 560 taxa, consisting of plants and the 11 targeted groups of animals (Pocock et al. 2012. 236 Dryad Digital Repository. http://dx.doi.org/10.5061/dryad.3s36r118). 237 OBJECTIVE 1: Testing the robustness of the network of ecological networks to 238
random habitat loss 239
The loss of all semi-natural habitats resulted in a 43% reduction of species within the farm-240 scale network and a loss of 57% of species interactions (Fig. 2B & D) , despite these habitats 241 covering only c. 14% of the total farm area (Fig. S2) . Furthermore, when the network was 242 degraded to a point where only crops remained, 66% of species and 87% of interactions 243 were lost (Fig. 2C & D) . Despite variation between groups, robustness to the random loss of 244 habitats was generally high (R →1; Fig. 3 ) regardless of whether all taxa were weighted 245 equally (R S ) or by their abundance (R Q ). 246
OBJECTIVE 2. Determining the relative importance of each habitat within the network 247
When considering the robustness of taxa that are weighted equally (R S , Fig. 4) , we found 248 that the most important habitats were mature hedgerow and rough ground (i.e. uncultivated 249 areas around farm buildings and machinery storage areas). These areas covered just 4.5% 250 of the total farm area (in 2007). The three grassland habitats came out as least important, 251 despite collectively covering over 50% of the total farm area. A reanalysis of the data where 252 taxa were weighted by their abundance (R Q, Fig. 4 ) support these findings but identified 253 cereal fields as the second most important habitat overall (importance = 0.0027), after rough 254 ground (0.0031) and followed by mature hedgerow (0.0022, Fig. 4 ). Cereal habitats 255 comprised a large area of land on the farm, and had high plant species richness and 256 abundance (particularly species regarded as weeds). Thus, weighting by species abundance 257
shows cereal fields to be important due to their large area rather than their pro-rata value. 258
Although plant and animal groups varied in their influence in the calculation of importance for 259 a particular habitat (overall importance being the mean importance across groups), we did 260 not find that a single group was consistently influential across habitats (Fig. S3) . 261 OBJECTIVE 3: Examining species similarity and plant spill-over effects between 262 habitats 263
The 12 habitat networks range in size from 21 to 273 trophic species and their number of 264 interactions ranges from 21 to 753 (Fig. S2) . The non-cropped, semi-natural mature 265 hedgerow and rough ground habitats had the highest number of observed species (252 and 266 273 respectively) and interactions (753 and 688 respectively). Overall, non-cropped semi-267 natural habitat networks generally had a greater number of species in each animal group 268 than farmed grassland habitat networks (Table S1) . 269
Generally, there was high species similarity between habitats for plants and each of the 270 animal groups studied (Chao's Sørensen similarity index, SI → 1, Table S2 ), which, given 271 the assumptions of our approach, explains why the robustness of the groups to the loss of 272 habitats was generally high (R was often > 0.9). With the exception of woodland habitats, the 273 high level of plant similarity suggests that species within habitats are relatively homogenous 274 across the farm as a whole (Table S2 ). Indeed 33% of plant species in our network occurred 275 in 5 or more of the habitats studied. 276
Removing spill-over plants from the network at the 5% density threshold resulted in the loss 277 of 87 plant-habitat associations (22% of the overall network). This significantly lowered 278 network robustness for most animal groups (based on random habitat loss scenarios: R S 279 sign test x = 9, n = 12, P = 0.073; R Q sign test x = 12, n = 12, P < 0.001, Fig.3 ). Overall, 280 however, robustness remained high for all groups (R → 1), and remained so when higher 281 density thresholds were applied (Table S4) . 282 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 OBJECTIVE 4: Determining the best-and worst-case habitat loss scenarios 284
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We found that the GA efficiently identified a single permutation of habitat extinctions ( Table  285 S5) representing the worst-case scenario of minimum robustness (R S = 0.839, R Q = 0.705, 286 (Table S5) , each giving the best-case scenario of maximum 288 robustness (R S = 0.997, R Q = 0.995, Fig. 5 ). Overall, we found that the distribution of 289 robustness values was highly skewed, with many permutations resulting in high robustness, 290 but few resulting in relatively low values of robustness (Fig. 5) . 291
292
Comparing the results of the three a priori habitat loss scenarios with the GA, we found that 293 our subjective ranking based on management intensity was poor at predicting which 294 permutation would have a high and which would have a low robustness (i.e. the correlation 295 of the rank position of habitats in the permutations with the genetic algorithm was very poor, 296 rho < 0; Table 1), highlighting the risks of relying on subjective opinion rather than using 297 evidence-based decision-making. Including information about the similarity of plant 298 composition between habitats did not help to identify the best case permutations, but it was 299 better for identifying the worst case permutations (i.e. the correlation was better: rho = 0.25-300 0.32; Table 1 ). Basing habitat loss scenarios on the measures of habitat importance came 301 very close to identifying the best case permuations (rho > 0.9) and better than the other 302 approaches to identifying the worst case permutations (rho > 0.45; Table 1), as identified by 303 the genetic algorithm. Indeed, it was only the worst-case habitat loss scenario based on 304 habitat importance information that was significantly associated with the worst-case 305 permutation from the GA (R S and R Q habitat importance (worst): r s = 0.944, P < 0.001 and r s 306 = 0.916, P < 0.001 respectively, Table 1 ). Rough ground, mature hedgerows and cereal 307 fields were consistently identified as significant habitats in the robustness analysis based on 308 the GA and habitat importance information (see Table S5 ). 309 
DISCUSSION 310
To our knowledge, this is the first study that has examined the robustness of multiple 311 species-interaction networks to the loss of habitats. The combined theoretical and empirical 312 approach enabled us to identify the most important habitats within the network, and could be 313 further developed for other ecosystems. Simulations suggest that the animal groups in our 314 system are generally robust to habitat loss but that the robustness of some groups varies 315 depending on the order of habitat extinction. This is likely to be because the habitats in our 316 study were generally similar in terms of species composition (despite their outwardly 317 different appearance -a consequence of different dominant plants in each habitat; e.g. oak 318
trees v. grass) and had few unique interactions. Below, we address the main limitations of 319 this study and discuss our results, first in the context of our objectives, and then in the wider 320 context of the management and restoration of agro-ecosystems. 321
Limitations 322
Our study considered the interactions between shared plants and animals which, due to 323 logistic constraints, are only a subset of the animals and species interactions on this farm. In 324 addition, our models assume that i) with the loss of a habitat-specific food source or host, 325 animals are able to switch to alternate food sources in different habitats and ii) we observed 326 the entire possible host range. We accept that these are simplistic models and do not take 327 account of features such as adaptive rewiring (Valdovinos et al. 2010) . Despite the large 328 amount of fieldwork which enabled us to construct such a complex, highly resolved network 329 of ecological networks, we are aware of the inherent problems of sampling biases in 330 foodweb analysis (Cohen et al. 1993; Goldwasser & Roughgarden 1997; Chacoff et al. 331 2012) . We discuss variations in sampling efficiency in the field-based networks elsewhere 332 (Pocock et al. 2012) . However, we chose relatively simple models with clear assumptions to 333 initiate a novel approach to robustness analysis that incorporates variation in the 334 environment inhabited by species. We therefore interpret 'robustness' as a relative index of 335 fragility, rather than an assessment of true extinction rates. The limitations of intensively 336 sampling a single study site are discussed in Evans et al. (2011) , and so we apply our 337 specific findings to farmland in general with caution. 338 339 OBJECTIVE 1: Testing the robustness of the network of ecological networks to 340 random habitat loss 341
In an earlier study we showed that the robustness of the groups to simulated species 342 extinction varied, with plant-pollinator networks being particularly fragile but that networks 343 linked by shared plants do not strongly co-vary in their robustness (Pocock et al. 2012) . This 344 suggests that targeted management of one group will not inevitably benefit others. Here, we 345 present a potentially powerful technique that explicitly considers how environmental change 346 affects groups of animals linked by habitat. 347
Overall, we showed that plant and animal groups at Norwood Farm exhibit high robustness, 348 although there is variation between groups. This was because habitats tended to be similar 349 in terms of species composition (see below) and had few unique interactions, despite 350 considerable variation in management intensity and disturbance between habitats. One 351 explanation for this is that plant species such as thistles (Cirsium spp.), buttercups 352 (Ranunculus spp.) and clover (Trifolium spp.) occur in most of the farm habitats and are 353 disproportionately well linked to many other species on the farm (Pocock et al. 2010; Evans 354 et al. 2011; Pocock et al. 2012) . Thus these plants effectively blur the boundaries between 355 habitats when they are considered in the context of the whole farm. Additionally, many of 356 the animal groups operate at spatial scales that incorporate a number of habitats (e.g. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 We developed a new approach for assessing habitat importance in a community context. In 362 our study, two habitats that covered a small proportion of the total farm area (rough ground 363 and mature hedgerow) were disproportionately important. When including information on 364 species abundance, crops become the second most important habitat, partly because they 365 cover a much larger area of the farm. In Europe, the importance of hedgerow habitats for 366 biodiversity is well established (Hinsley & Bellamy 2000; Evans et al. 2011 ), but to our 367 knowledge no study has quantified the importance of rough ground. Rather these habitats 368 tend to be ignored as they are neither farmed nor perceived as natural habitats. 369
Our approach may have considerable potential for assessing the impacts of habitat 370 modification on species interactions and ecosystem functioning as well as ecological 371 restoration in both natural and managed habitats, the success of which is often regarded as 372 difficult to measure in the field using conventional approaches (Palmer et al. 1997) . 373 OBJECTIVE 3: Examining species similarity and plant spill-over effects between 374 habitats 375
Despite variation in species composition, there was generally high species similarity 376 between habitats and few habitat-specific interactions. Removing spill-over plants from the 377 network did significantly lower the robustness of most groups studies, but nevertheless 378 qualitative and quantitative robustness was still high. 379
Although crop habitats are important in the farm network, the low management, semi-natural 380 habitats had higher species richness for most groups despite covering a small proportion of 381 the farm area. Indeed, mature hedgerow habitats had the highest number of plant species in 382 the farm network, despite covering <3% of the land area. Moreover these habitats also 383 tended to have highest numbers of species regarded as bioindicators (e.g. butterflies and 384 rodents) and ecosystem services providers (in our case pollinating insects and 385 hymenopteran parasitoid wasps; a natural form of pest control), supporting the findings of 386 previous studies (Macfadyen et al. 2009 ). 387 21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 OBJECTIVE 4: Determining the best-and worst-case habitat loss scenarios 388
Our application of a genetic algorithm was an efficient way of determining the best-and 389 worst-case habitat loss permutations (i.e. the limits of the distribution of robustness values), 390 performing better than our subjective habitat-loss scenarios based on management intensity, 391
and could be applied to other ecosystems. 392
The results of these models showed the importance of the habitat we termed 'rough ground' 393 (which is a ruderal habitat with a mix of perennial and annual herbaceous plants and 394 common on most UK farms) to overall robustness. On Norwood Farm, this habitat exists in 395 relatively small patches of field corners, overgrown tracks and next to the farm yard and 396 covers less than 2% of total farm area. We recommend that land managers, conservationists 397 and policy-makers consider its importance. 398
CONCLUSIONS 399
Our understanding of the factors determining the robustness of ecological networks to 400 environmental change is still in its infancy, but with growing global pressures on natural 401 resources our need to understand and mitigate the impacts is increasingly important. 402
Incorporating dynamics into ecological network analysis is a research priority (Thompson et 403 al. 2012 ) and this area is undergoing very active research (Bastolla et al. 2009; James et al. 404 2012) . However, there is still an important role for structure-based network analyses 405 because they can reveal important changes in community structure and ecosystem 406 functions as a result of environmental change (Tylianakis et al. 2007) . Furthermore, recent 407 advances have enabled the incorporation of species abundance in robustness models 408 (Kaiser-Bunbury et al. 2010) , likely changes in trophic interactions ('rewiring') following 409 species loss (Staniczenko et al. 2010) as well as cascading effects across multiple groups of 410 animals (Pocock et al. 2012 ). Here we investigated the robustness of a network to habitat 411 loss, one of the most widespread threats to biodiversity. By integrating the role of the 412 environment more generally into ecological network studies, this is likely to offer new 413 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 TABLE 1 . Average qualitative (R S ) and quantitative (R Q ) network robustness for the plant and animal groups based on a) random habitat loss; b) ranking habitat on management intensity; C) ranking habitat using plant similarity indices; c) ranking habitat using measures of habitat importance; and d) genetic algorithm permutations (n = number of solutions, see Material and Methods). Spearman rank correlation coefficients based on relationships between robustness measures from the genetic algorithms best-and worst-case permutations and those from the habitat management, similarity and importance analyses. 
Random
Calculating the robustness and habitat importance for plant and animal groups at Norwood Farm. Here, we use an example for seed-feeding invertebrates taken from 10,000 random habitat loss simulations. We calculate robustness R (either R S or R Q ) where P is the number of primary extinctions (in our case the 12 habitats), S is the number of dependents remaining after the cumulative extinctions of P [1] to P [i] and T is the total number of dependents. For S and T, each species is weighted equally (for Rs) or weighted by their abundance (for R Q ). The robustness of seed-feeding invertebrates to one random sequence of habitat loss is the area under the curve for (b) the qualitative case (species remaining) and (c) the quantitative case (individuals remaining). Habitats are coded as follows: CP, Crops; SF, Spring fallow; GM, Grass margin; LP, Ley pasture; LU, Lucerne; MH, Mature hedgerow; NH, New hedgerow; NL, New ley; PP, Permanent pasture; RG, Rough ground; WD, Woodland; ST, Standing trees. The importance of each habitat for animal groups (d) was calculated by regressing the robustness from the 10,000 iterations against the order of habitat j in the removal sequence: R = C + (β j x order of habitat j in removal sequence), where we interpret β j , averaged across animal groups, as the importance of the habitat j. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47 0  10  20  30  40  50  60  70  80  90 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47 FIGURE 2. The result of habitat loss on species and species interactions on the Norwood Farm network of networks. The complete network (A) is degraded by sequentially removing the species and interactions that occur in each of the farm habitats. In this case, habitats are removed in order of least management until all semi-natural habitats have gone (B) and when only crops remain (C). Regions with very dense links primarily represent the interactions of generalist seed-feeding birds taken from the literature. In the graph (D) diamonds and squares represent the percentage of species and interactions respectively that remain in the network after habitat loss from least to most managed. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 FIGURE 4. The importance of habitats in the Norwood Farm network of networks, in relation to habitat area, using qualitative (○) and quantitative (•) data. Habitat codes are given in Fig. 1 . Habitats covering small areas tended to be more important in the networks, although cereal field weeds increased the importance of crops. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 FIGURE 5. The robustness (R ) of the Norwood Farm network to habitat loss. Here is shown the 10,000 random permutations (shown with dots, and for ease of interpretation summarised in the boxplot), with the maximum and minimum from the genetic algorithm (thick horizontal bars) and the expected best and worst case permutations (triangles pointing up and down, respectively), based on management intensity, similarity of the plant composition and habitat importance from the whole network analysis. We show results where all taxa are weighted equally (R S ) and the quantitative equivalent, where taxa are weighted by their abundance (R Q ).
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